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Modelação Electro Térmica de Baterias de Iões de Lítio 
Resumo 
 
Nos dias que correm, existe uma crescente preocupação com o meio ambiente e com a sua 
preservação. Torna-se cada vez mais um objectivo primário a procura de soluções 
ecologicamente sustentáveis, sendo a indústria automóvel uma grande contribuinte para o 
consumo energético actual. 
Neste sentido, o presente trabalho procura dar um contributo na procura de sustentabilidade 
energética, optimizando um modelo elétrico e térmico de baterias de iões de lítio. 
Após uma resenha sobre o estado da arte dos modelos existentes na literatura atual, o 
desenvolvimento do modelo é explicado em pormenor. Este é desenvolvido tendo como base 
as equações diferenciais do modelo de Difusão de Rakhmatov e Vrudhula e mais tarde 
aproximado ao modelo KiBaM. O modelo térmico parte da equação fundamental da condução 
térmica. Algumas simplificações a esta equação são necessárias, de modo a diminuir a 
complexidade numérica da sua resolução. 
É ainda efectuada uma optimização de quatro parâmetros térmicos não mensuráveis e 
essenciais ao funcionamento do modelo, através de um algoritmo de optimização proposto, 
denominado Simulated Annealing. Também o funcionamento deste algoritmo é explicado 
pormenorizadamente. 
Tanto os resultados da simulação elétrica como os resultados da simulação térmica são 
discutidos no final desta tese. É provada a funcionalidade do modelo, bem como as melhorias 
a nível de diminuição de erro introduzidas pelo algoritmo de optimização. 
 
 




Nowadays, a growing environmental preservation concern is set among us. The search for 
ecologically sustainable solutions rises and becomes a primary goal as time goes on and a 
great contribution for the current electrical consumption lies on the automobile industry. 
Having this in mind, the present work tries to contribute to the energetic sustainability search, 
by optimizing an electro thermal Lithium-ion battery model. 
A state of the art review is done, as to identify the existing battery models and what 
differentiates them, after which the model design is thoroughly explained. The electrical 
model is developed having the Rakhmatov and Vrudhula differential equations as its basis 
and then approximated to the KiBaM model. The thermal model is based on the fundamental 
equation for the thermal conduction. A few simplifications need to be done, as to reduce its 
solution numerical complexity. 
Four essential thermal parameters are optimized with the proposed optimization algorithm, 
called Simulated Annealing, since their values is not measurable. This algorithm is also 
explained in great detail. 
The electrical and thermal simulation results are discussed near the end of this thesis. The 
model is proven to be functional, and the optimization algorithm shows improvements, in 
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1.1 Project Framework  
 
This project comes in the line of work that follows some other projects developed in FEUP 
regarding the modelling of Lithium-ion batteries. Two of them [1, 2] have developed part of 
the electrical modelling, while another [3] focused on the thermal modelling. This work 
combines these two previous ones, having the long term objective of developing a 
microcomputer based real time application to manage electric cars battery systems. 
This project was developed on the LPETec laboratory, in the Electronics Department, in the 




This project main goal is to further develop the thermal and electrical modeling of Lithium-
ion pouch type batteries. 
To validate the model, temperature and voltage measurements of batteries discharge needs to 
be done at various rates, with continuous currents as well as pulsed discharge currents, those 
with a predetermined current profile. 
Also, some thermal parameters need to be optimized in order to further reduce the error 
associated with the simulation, so an optimization method needs to be selected and used. 
 
In the end, an error value low enough as to being able to implement the model in a real time 
application, where the management of a pack of batteries would be a possibility is expected.  
 2 
1.3 Thesis Scheduling and Structure 
 
Table 1 shows thesis subjects as well as its goals scheduled along the allowable semester 
weeks. 
 
Table 1- Project Chronogram 
Project Chronogram 



















- Thesis writing 
- Electrical models 







- Be able to develop and 
use electrical and 
thermal models  
- Improve the 
electrical 
model 
- Infer if the error 
lowers after the 
thermal model 
was optimized 
- Organize the 
information 
and put it on 
paper 
- Understand the 
advantages/disadvant
ages between them 





Thesis is organized as follows: 
This chapter, the first one, intends to give an introduction to the work that was done, the 
motivations to do it and the method used to achieve the goals set. 
In the second chapter there is a literature review of most of the electric, thermal and 
electro thermal models. It also gives a brief explanation about batteries and how 
Lithium-ion batteries work. 
The electric and thermal models are explained in chapter three. The electric model is 
broken down into several sub circuits that are modeled individually before being put 
together. The thermal model begins with the fundamental heat conduction equation that 
is simplified before an equivalent electrical equation is achieved, in order to build an 
electric equivalent circuit and implement the model on PSim. 
The forth chapter focuses on the optimization of some thermal parameters. A brief 
review of some of the optimizations algorithms is made, before explaining in detail the 
algorithm developed in this project. 
In the fifth chapter the tests results are discussed. Both the three and eleven nodes 
models are analyzed, before and after parametric optimization. An explanation about 
how the data was acquired precedes the tests results. 
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The sixth and final chapter is dedicated to the conclusions of the project and the 
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2 State of Art 
The present chapter describes, in a summarized form, the energy transformation that 
occurs inside the battery cell. It also offers insight to the different kind of batteries 
existent in the market, and what differentiates them, specifically when thinking of 
electrical vehicles, EVs, powering. 
Furthermore, electrical and thermal models found in literature are succinctly explained. 
2.1 Battery 
Batteries are today most used power source for portable equipment as well as for EVs. 
The basic purpose of a battery is to transform chemical energy into electrical energy. In 
some cases this process is reversible (secondary batteries), while others can only be 
discharged once (primary batteries). There are a lot of battery types, each with its own 
set of different characteristics. In what regards to powering EVs, batteries that can 
output a lot of power and with a wide life cycle, while maintaining a low price and 
having the best possible efficiency are required. Figure 1 shows the characteristics for 
different battery types. 
 
Figure 1 - Battery characteristics [4] 
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The Lithium-ion batteries seem to fit the profile of what is necessary to power up an 
EV. They have one of the longest life cycles, a very low self-discharge rate and their 
price is still competitive. Figure 2 shows Lithium-ion batteries four main elements: 
 
 Two electrodes –The anode and cathode, work as electrons receiver and 
transmitter. 
 An electrolyte – It serves as the active electrical material that enables the 
electrons flux inside the battery. 
 A separator – It separates both halves of the battery so it does not short-circuit. 
It is usually made of a ceramic material. 
 
Figure 2 - Lithium-ion battery cell schematic [5] 
 
When an external load is applied, the electrons flow from the anode to the cathode. The 
electrolyte keeps the electrons supply to the anode, as the separator, that physically 
divides both sides of the battery, allows electrons to flow through it. To charge the 
battery, some kind of external electrical power supply needs to be connected to it, which 
will force the electrons to travel in the opposite direction. 
Some of the battery most important characteristics are listed: 
 
 Nominal voltage – This value represents the manufacturer recommended voltage. It is 
also called the operating voltage and lies between the maximum and cut-off voltages. 
 Maximum voltage – It defines the voltage over which the battery cannot be charged, 
according to the manufacturer. Charging it above this value may cause the battery to 
stop working. 
 Cut-off voltage – It is the battery threshold, below which the battery cannot be 
discharged, according to the manufacturer. Discharging it below this voltage may also 
cause the battery to stop functioning. 
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 Capacity – It is a value that defines the energy stored inside the battery cell and it is 
expressed in Ah. A battery with a 1Ah, for example, has enough energy stored, when 
fully charged, to supply 1A during one hour. This value also defines the current 
discharge for the various continuous discharge rates. A 1C discharge rate, for example, 
is such that its current value, in A, is numerically the same as the battery capacity, in 
Ah. 
2.2 Electric Battery Models 
Although Li-ion battery systems are becoming more and more the primary energy 
source in high power systems, without a proper Battery Management System, BMS, 
usually electrical and/or thermal  problems will cause the battery to fail prematurely, or 
even worst, cause the batteries to blow up. 
In order for this to be prevented, BMS are being developed and enhanced at a fast pace. 
These systems are based on models that try to emulate battery cells electrical and/or 
thermal behavior. In particular, they focus on the SoC (State of Charge - amount of 
capacity still present on the battery, usually expressed in percentage) and the SoH (State 
of Health – amount of time passed/left in the batteries’ life, usually also expressed in 
percentage) as this are the most important values in order to maximize efficiency and 
minimize energy consumption, while also preventing malfunctions and accidents.  
There is extended literature discussing the design and the merits of some of this BMS’s 
in [6] and [7]. 
 
There are already several algorithms that try to estimate SoC and SoH [8]. Those vary 
from data correlation ones [9-10] to model based approaches [11-13].  
These techniques are used because a direct measurement of these variables is not 
possible at all [14]. 
 




This model was first developed by Fuller, Doyle and Newman in the early 1990’s to describe 
the galvanostatic charge and discharge of a dual lithium ion cell [15-17]. Their approach 
consisted on modeling a Li-ion battery cell with two composite electrodes and a separator as 




Figure 3- Electrochemical Model Schematic [17] 
 
The big advantage of this model is that, because it is so general, it can be used to 
describe the electrical behavior of almost any cell that utilizes two composite electrodes 
comprised of a combination of active insertion material, electrolyte and inert material. 
The electrochemical models are the most accurate ones, giving a highly detailed 
description of the batteries performance. This, however, comes at the cost of having a 
great complexity and difficulties in terms of configuration. A great number of 
parameters need to be inserted in the model and exhaustive numerical calculations must 
be performed. This makes this kind of models not usually used in real time applications. 
They serve mostly to evaluate other models performance without the need to make 
experimental tests. 
There is a free FORTRAN program available online [20], named Dualfoil, that has been 
improved over the years. It requires inserting over 50 parameters that are dependent of 
the type of battery being used. Most of them cannot be measured, and lookup tables that 
have been regularly updated with experimental results have to be consulted. 
 
Electric Circuit Models 
These models try to reproduce the battery behavior with electrical equivalent circuits 
enabling the use of commercial circuit simulation software. They have a simple 
structure and have a sufficient enough accuracy to give an approximate estimation of 
simulated variables, even with a dynamic variation of the SoC and temperature [9]. 
They were first introduced by Hageman that developed a circuit model to simulate 
nickel-cadmium, lead-acid and alkaline batteries using PSpice circuits [21], and later by 
Gold that used a similar model to simulate the lithium-ion batteries [22]. Recent work 
based on this model can be found on [23, 24] 
The four key components of the model are the same for every battery type. Figure 4 
shows these four components:  





Figure 4- Basic Electric Circuit Model Components [25] 
 
Battery chemical capacity is determined by electrical capacitor, C_CellCapacity. Its loss 
at high discharge rates is determined by a discharge-rate normalizer. To determine the 
SoC, the model uses a lookup table of Open Circuit Voltage, OCV, against SoC. 
Resistance, Rx, emulates battery internal resistance. Finally Battery discharge is made 
using the nodes +Output and -Output. 
Due to its experimental nature, building lookup tables usually gives a lot of work. 
Furthermore, as the values are experimental and not calculated pulsed discharge rates 
will lead to high errors (around 12%) in the readings [22]. 
 
Stochastic Models 
These models were first proposed by Chiasserini and Rao in 1999 [26]. They use 
discrete-time Markov Chains in order to describe battery behaviour. From 1999 to 2001, 
three more papers were published by Chiasserini and Rao where they improved the 







Figure 5- Time-discrete Markov Chain [25] 
 
In their first, simplest model, the behavior of mobile communication device battery is 
simulated. N+1 states are attributed to the time-discrete Markov chain, numbered from 
0 to N, where N is the state number and corresponds to the charges available in the 
battery. In every time step there is a probability that either a charge unit is consumed, 
    , or that a charge unit is recovered,       . This ensures that the recovery 
effect is contemplated. The battery is considered empty when it reaches the state 0. 
Battery gain can then be estimated through the expression    ̅   , where    
represents the number of transmitted packs. Pulsed discharged will most often lead to 
gains higher than 1, since there is a higher possibility of recovery. Figure 5 shows the 
exposed. 
This model was, however, flawed, since the recovery doesn’t behave constantly during 
discharge. This and other problems were solved in the follow-up papers [27-29], where 
the recovery probability is made state dependent. When less charge is available the 
probability of recovery becomes inferior. They also made it so more than one charge 




Figure 6- Complex Markov Chain [25] 
 
In their last approach, a Lithium-ion battery is modeled. The Markov chain used has 
approximately       states, since N is set to      . When compared with the 
Dualfoil [20], this model has a maximum deviation of 4%, averaging 1%. Although 
these are good results, they are qualitative, as only the gain has been measured. It is 
unclear how well the model would perform quantitatively. 
 
Analytical Models 
Analytical models are able to implement the two main battery non-linear effects, 
namely recovery and rate capacity. Two of the most commonly used analytical models 
are the KiBaM and the Diffusion models. They are very similar and, in fact, the KiBaM 
can be seen as the discretized and simplified version of the Diffusion model. 
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KiBaM model was first proposed, and later developed, by Manwell and McGowan in 
1993 [3020-32]. This very intuitive model, presented in Figure 7, makes an analogy 
with a two well system. One of the wells has the so called available charge, well (  ), 
and it is the only one that can supply electrons to the load     . The other has the so 
called bound charge, well (  ). This charge will supply the available charge well. The 
rate at which the electrons flow from    to    is defined by the “valve” value (k) and by 
the difference between the wells heights (     ). The system can be described by the 
system of differential equations (1).  
 





            
   
  
               
   
  
          
 (1) 
 
The initial conditions are           and              , where C denotes the 
battery total capacity. When a load is applied, charge is drawn from the available well, 
and the height difference between the two rises. When the load stops, charge starts 
flowing from the bound well into the available well, until both heights become the 
same. When the available well has no charge, the battery is considered empty. This 
emulates the recovery effect, since when there are idle periods during the discharge, 
more charge will become available when compared to a continuous discharge case. 
The Diffusion model, proposed by Rakhmatov and Vrudhula in 2001, bases itself on the 
ionic diffusion in the electrolyte [33-35]. With the premise that the battery is 
symmetrical, the model describes the evolution of the electrical active species in the 
electrolyte, given a certain load. 
 




         
       
  
       
  
  
        











       
     
 
    
   
 
       





Concentration at a given time t (t>0), and distance x (0<x<w) is expressed α by C(x, t).  
J(x, t) gives the species flux in the electrolyte and D is the diffusion coefficient, v is the 
number of electrons “consumed” by the reaction, A is the electrode area and F is the 
Faraday coefficient. 
 
Figure 8- Simplification of the Diffusion Model 
 
Figure 8 tries to give a simplified approach of how the model works. In the initial state 
electrical active species concentration is constant throughout the entire width w (figure 
8a). When a load is applied, concentration begins to diminish. Note that concentration 
closer to the electrolyte drops faster than the one further away. So a current dependent 
concentration gradient (figure 8b) is created. When the load is no longer applied, and 
given enough time, concentration becomes constant along w once again due to 
diffusion, albeit being less than originally (figure 8c). When the concentration reaches a 
certain cutoff value, charge can no longer be drained from the battery, thus being 
considered empty (figure 8d). 
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Jongerden and Haverkort took it a step further in 2009, claiming that the Diffusion 
model was nothing more than the continuous version of the KiBaM [25]. They declare 
that both models are very similar, in that in both of them the charge must be on a 
specific side for it to be drawn, while some of its charge will be unutilized when the 
battery is considered empty. 
 
Figure 9- Diffusion Model Discretization 
 
In order to prove this, width w is normalized into x’ (which varies from 0 to 1) and then 
discretized. This divides the electrolyte into n parts as shown in Figure 9. If n is set to 2, 
the Diffusion model is equivalent to the KiBaM model.  
2.3 Thermal Battery Model 
For a long period of time thermal modeling wasn’t a subject of study. Only in 1995 did 
it surface a couple of papers describing battery thermal behavior. Both of the papers are 
from John Newman and Caroline Pals, but one of them modeled a single Li-ion cell 
[36], while the second one focused on the modeling of a full pack [37]. They later 
updated their work to better describe the temperature curve of a single cell [38]. 
A good simplification of the thermal behavior of the cell pack was also made by Yuefi 
Chen and James Evans [39]. 
A general balance model was also proposed by Bernardi et al. on which most of current 
models are based off [40]. 
As for battery packs, a good work was developed by Pesaran et al. In [41-44] they 
tested the thermal performance of EVs and HEVs battery packs. 
Regardless of the model and if it describes a single cell or the whole pack, the basis is 

























Equation (4) describes the batteries tridimensional thermal behavior. To describe the 
one-dimensional behavior of a single cell, as well as the pack, some simplifications 
have to be made. 
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3 Battery Modeling 
The model described in this thesis was based on an analytical diffusion model 
implemented on a circuit simulator [45]. The model tries to accurately simulate the 
battery electrical and thermal behavior for different discharge rates, both constant and 
pulsed. 
It is also modeled in such a way that optimization is possible, so some circuit elements 
have to be modified. 
In this chapter, the electrical model and all its components are explained. 
Then, the thermal model is also characterized, along with the electrical equivalent circuit 
and the generated heat modelling, which depends on multiple parameters. Some of these 
parameters are mathematically calculated, while others are inherent battery parameters 
that can only be estimated. 
Figure 10 shows a flowchart associated to the model in order to obtain battery terminal 
voltage and cell temperature. It first uses the discharge current in order for SoC 
estimation. Then it calculates OCV and with these data and battery resistance it calculates 
battery surface and internal temperature, using the heat equation. Note that some of 
model parameters are temperature dependent. 
 















3.1 Electrical Model 
The first part to be modeled is the electrical one. The model is based on the diffusion 
model which is then implemented on a circuit simulator. 
The diffusion model postulates that the battery behavior is symmetrical, thus only one 
electrode and half battery cell is considered. Considering battery geometry presented in 
APPENDIX A, one can observe that its thickness is much smaller than either its height 
or its length. So the one dimensional concentration of species is studied. 
This concentration at a given time t (t>0), and distance x (0<x<w) is expressed by C(x, 
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J(x, t) gives the species flux in the electrolyte and D is the diffusion coefficient. At the 
surface (x=0) the flux is proportional to the current i(t). The flux in the middle of the 






       
     
 
    
   
 
       




v is the number of electrons “consumed” by the reaction, A is the electrode area and F is 
the Faraday coefficient. 
A solution to the system of equations (5) and the boundaries conditions (6) can be 
found, using a finite difference formulation with n uniformly distributed components in 
the battery width. Some changes in the variables are first done in order to normalize the 
spatial variable x. So x is normalized to    
 
 
 thus       . Ion concentration 
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and the boundaries (6) become (8). 
 
 










        
       
     
 
 
        
       
  
 (8) 
Using the centered finite difference, it is possible to approach the second order 
derivative in (9). 
 
          
    
 





Where a  
 
   
 . From (9) the number of nodes wanted can be established and the 
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Figure 11- The discretized Diffusion Model can be seen as an extended KiBaM Model 
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Figure 11 shows a representation of the discretized Diffusion model. This system can be 
visualized as a KiBaM model with n wells, all trading charge between each other. When 
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 (11) 
 
The system (1) is now approximated to system (11) admitting that k  
  
  
 . So this 
system can be used to model the charge in the battery, given the current discharge being 




Figure 12- SoC Diagram 
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Figure 12 is a representation of how the SoC modeling is achieved. The last image is the 
actual schematics used on PSim. It is possible to draw a parallel between the KiBaM 
wells and the circuit. The wells charge is simulated through the capacitators C1 and C2. 
Their total capacitance depends on the battery being tested. The initial conditions for 
both capacitors are achieved through parametric optimization. These parameters were 
already optimized in [1] and are used in the presented model. 
A more complex problem is the connection resistance, R_SoC, which is analogue to the 
k valve in the KiBaM model. In constant discharge rates, and although for higher 
current values the effective available charge is lower [25, 1], the resistance value could 
also be made constant, as the error in the SoC is not significant. However, in pulsed 
discharges, it is not certain that this is the case, as some studies show that the error with 
a constant k value can escalate to 10% [1].  
To get a more accurate value for the connection resistance, one can discharge the 
battery at different rates and with an optimization algorithm get the optimal value. In [1] 
this approach is taken. The results are listed on the table below.  
 
Table 2- SoC estimation resistances [1] 




6,59 A 362,297 Ω 
10,99 A 270,155 Ω 
14.99 A 643,822 Ω 
 
With these data, graphing tool software can be used, like Excel, to polynomial 
approximate the R_SOC value to a continuous function, as expressed in Graphic 1.  
 
Graphic 1 - Polynomial approximation of SoC resistance 
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Equation (12) allows us to have an accurate SoC value for pulsed discharge currents 
and, consequently, should lead to a smaller error in temperature calculations.   
 
            
                          (12) 
 
It is important to note that these tests were obtained using a maximum 15A discharge 
current. The batteries are expected to be tested with currents as high as 40A, which may 
render equation (12) invalid. 
However, the SoC is an abstract number and the actual battery voltage is a necessary 
value to module the temperature evolution. The next step is to get the open circuit 
voltage as a SoC function. 
 
Open Circuit Voltage 
The open circuit voltage (   ) represents the battery voltage output before factoring in 
the inner battery resistance. It relies on the SoC and according to [2] there are three 
ways to calculate it: 
 
 The Shepherd Model:             ⁄  
 Unnewehr Universal Model:               
 Nernst Model:                              
These models were all tested in regards to this kind of electrical modeling and the 
results weren’t satisfactory. So a new function, equation (13), was constructed [2]: 
 
          
                              (13) 
 
The parameters a, b, c, d, e and f are constant coefficients and need to be defined in 
order to approximate the simulated     to the real battery voltage. But as this is only the 
open circuit voltage, it is necessary to optimize it to points in which the battery current 
is null. This was accomplished in [2] and the results are listed in the table below 
 
Table 3 - OCV Coefficients [2] 
Coefficients 
a = -0,2402 
b = 0,4438 
c = 5,358         
d = -3,349         
e = 3,508         
f = 3,653 
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The solution of Equation (13), with Table 3 coefficients, has an accuracy of 95%. The 




The PSim circuit designed to model the battery voltage output can be seen on Figure 13. 
 
Figure 13- Battery voltage Simulation - PSim 
 
When charged, the battery immediately drops some voltage. This effect is commonly 
attributed to the internal battery resistance. To calculate its value equation (14) is used. 
 
 
          





   refers to the battery voltage measured before applying a charge, and    to the voltage 
measured immediately after applying the charge. Applying equation (14) to the batteries 
test results, the value comes as               
  . 
 
All the variables needed to simulate the battery electrical behavior have been 
demonstrated. To ensure no more optimizations were needed, constant discharges at 
various rates as well as pulsed discharges were simulated and compared with real 
measured battery voltage discharged at the same rates. The results can be consulted in 
chapter 5.3. 
3.2 Thermal Model 
The next step is to simulate the thermal behavior of the battery. The complexity of a 
heat transfer system will always oblige to make simplifications and assumptions. This 
will help mitigate some of the mathematical complexity and lower the computational 
load necessary, while maintaining a decent level of accuracy. The thermal conductivity 
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and some other physical properties of the battery were considered constant. The 
materials composing the inside of the battery are also considered homogeneous.  
The tridimensional heat transfer that occurs in a battery cell can be described by the 

























Equation (15) can be simplified by assuming, as mentioned before, that the thermal 
conductivity k remains constant throughout the time (16) [45]. 
 
    
   
 
   
   
 
   












Analyzing the batteries geometrical proportions shown in Figure 14, it is perceivable 
that the width (x) is much smaller than either the height (z) or the length (y). According 
to [5], the difference is so significant that the temperature gradient in x is a lot bigger 
than in both the other directions, making it so that              . The problem then 
becomes one-dimensional as seen in equation (17). 
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In order to solve this second derivative equation, one initial condition and two boundary 
conditions need to be defined: the temperature at t=0, the temperature for x=0 (one of 
the battery faces) and the temperature for x=2w (the other battery face). These 
















                   
 (18) 
 
With these established, equation (17) can be solved with the centered finite difference 
method, as seen in equation (20). In order to do so, the equation needs to be 
dimensionless in x, which is achieved in equation (19). 
 
    















    
   
  
 





In equation (20),   
 
   
 where n represents the number of nodes in which the battery 
will be virtually divided. The more nodes picked, the smaller the error of measure will 
be, but on the other hand the computational weight will be higher. In this thesis, the 
model will be tested with both three and eleven nodes. A number of nodes higher than 
eleven would require tremendous computational effort, while lower than three would 
not make sense in physical terms. For reference, when no mention of number of nodes 
is made it is assumed that it refers to the eleven nodes module. 
Looking back at the boundary conditions, the heat transfer in the nodes can be 
mathematically described. 

















Applying the boundary conditions equation (22) is achieved. 
 
 
        
    
 
        
(22) 
 





    
   
        































          
    
 





    
   
         

















       
  
 













Equivalent Electrical Circuit 
To implement the thermal model in the PSim, an equivalent electrical circuit has to be 
built based on the mathematical thermal formulation postulated above. Table 4 shows 
the corresponding electrical equations for the thermal node characterization, particularly 
for the eleven nodes model. 
 
Table 4 - Thermal and corresponding electrical equivalent circuit equations 
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As it can be seen, thermal characteristics are emulated by electrical ones. Table 5 shows 
those correspondences. 
 
Table 5- Thermal Characteristics and Electrical correspondence 
Thermal characteristics Electrical correspondence 
Temperature Voltage 
Thermal Power  Current 
Thermal Capacity Capacity 
Thermal Resistance Electrical Resistance 
 
It is worth noting that most of the variables present in the thermal equations are thermal 
and mechanical battery properties which can be estimated and optimized. However,  ̇ 
represents the generated heat for a certain current discharge profile, and as such needs to 
be modeled as well. 
 
Figure 15- Two nodes from the electrical equivalent circuit 
 
In Figure 15, two consecutive nodes are represented, the initial one and an interior one. 
The second and fifth parallel branches are custom made capacitors that had to be 
developed because its capacitance wasn’t constant through the simulation, and PSim 
doesn’t offer a variable capacitor. 




     Ambient temperature. Direct input 




    
  
















Table 6 - Circuit inputs and corresponding thermal formulations 
 
Generated Heat 




 ̇  
 
       
(            )         
(28) 
 
The last parcel on equation (28) is an approximation of the SoC influence on the 
generated heat. With experimental results, it was possible to define it as equation (29). 
 
                  | |     (29) 
 
 
Figure 16- Heat generation simulation schematic - PSim  




Figure 16 represents the heat generation circuit modeled on PSim, as well as the 
modeled mathematical approximation (29). 
3.3 Conclusions 
 
The electrical and thermal models were successfully modeled. The SoC is modeled by 
constructing an electrical circuit that is based on the discretized diffusion model 
equations, which are approximated to the KiBaM model.  
Having the SoC value, estimation of the open circuit voltage becomes possible. An 
approximation with experimental tests results is made. To estimate the battery voltage it 
is necessary to take the battery internal resistance into account, as both the SoC and the 
OCV are already modeled. 
In terms of thermal modeling, the fundamental heat conduction equation is considered. 
Simplifications are made in order to describe the one-dimensional temperature 
simulation. The equations that describe the temperature evolution on both battery cell 
surfaces, as well as inside it, are used to build an electric equivalent circuit. 
Finally, the generated heat flux, which is dependent on the SoC value, is also modeled 
and described by an equivalent electrical circuit. 
The entire PSim circuit, with both the electrical and thermal models, can be consulted 
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4 Parameter Optimization 
Some values within the model cannot be calculated and, as such, need to be estimated. 
The electrical parameters were already optimized in previous works [1, 2], and as such 
were not contemplated. Instead the focus was the thermal parameters. 
This chapter will begin by describing which parameters needed to be optimized and what 
was the initial estimation. Then a brief characterization of the various possible 
optimization algorithms will be made. 
Finally, a thorough explanation of the chosen algorithm will be made. Although the 
algorithm already exists, it is largely dependent on the problem to be optimized, and a lot 
of it had to be done from the beginning.  
The optimization algorithm was programed using Matlab. The results of the optimized 
model will be shown in chapter 5. 
4.1 Parameters to Optimize 
Table 7 - Simulation Parameters 
Parameter Units Value Estimated Measurable Derived 
Thermal Conductivity, k  
   
 
0,66 
●   
Convection Coefficient, h  
    
 
10 
●   




●   
Specific Heat,     
    
 
795 
●   
Thermal Diffusivity, α     
 
 
3,95*     
  ● 
Battery Cell Thickness, 2w mm 10  ●  
Battery Cell Volume, V    93220  ●  
Ambient Temperature,      ºC 
Test 
dependent 
 ●  
 
In Table 7 a list of all simulation parameters, alongside their units and initial considered 
values is exposed. As seen, three of those parameters are directly measurable, since the 
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battery measures can be consulted in APPENDIX A, and the ambient temperature is 
measured when the experimental tests take place. 
Thermal diffusivity can be obtained by calculations, since α 
 
   
 . 
The other four parameters are not measurable and, as such, need to be estimated and 
optimized. The initial values are typically used in thermal modeling of pouch type 
batteries [5]. These will be used as the starting point for the algorithm. 
 From experimental data, typical value ranges can be determined for these thermal 
characteristics [37, 39, 45]. In Table 8 these values are listed. 
 
Table 8- Thermal parameters' values range 
Parameter Range Value 
Thermal conductivity (k) 0.40<k<0.85 
Convection Coefficient (h) 5<h<40 
Density (ρ) 650< ρ<950 
Specific Heat (  )  1700<  <2500 
 
4.2 Optimization Algorithms  
There are many kinds of optimization algorithms. In this section some of them will be 




Combinatorial optimization consists of finding the optimal solution to a problem from a 
pre-given set of solutions. The algorithm should always return the best solution for your 
particular function. 
This kind of optimization is not suited for problems like the one being solved in electro 
thermal modeling, as the spectrum of solutions is not discrete. Trying to use 
combinatorial optimization in this case would result in years of computation. 
 
Dynamic Programing Algorithms 
These algorithms work as a complex combinatorial optimization algorithm. They divide 
the problem in sub-problems and try to solve them individually. They are best suited for 
problems with multiple functions to be optimized. As this is not the case for our 
problem, these algorithms were not considered 
 




These algorithms, which are relatively recent, are a subset of evolutionary computation. 
They rely on the same principles that biological evolution is set upon, meaning that for 
a given population it is their environmental surroundings that will define its outcome.   
In computational optimization, this means that are certain number of components to be 
specified. In Figure 19, the components of the canonical genetic algorithm described in 
[47] are listed.   
 
Figure 17- Holland canonical genetic algorithm components [47] 
 
There are several subtypes of algorithms, and some of them would be very fitting to the 
problem of thermal modeling in question, but due to its complexity and time restrains 
another algorithm was chosen. 
 
Stochastic Algorithms 
These algorithms generate random solutions, within a given range of values and 
following a certain generation function. These usually approximate the objective 
function to the optimum value, but don’t necessarily reach it. The biggest advantage of 
these algorithms is their low computational effort requirements. 
The random generation of new solutions accelerates the searching process and can even 
help nullify some of the model errors. The biggest problem with these algorithms, 
however, is developing a function that accurately looks for new solutions in the correct 
neighborhood. 
To search for a new solution, the search method is usually the Hill-Climbing process. 
To use it, one needs: 
 An initial solution or a set of initial solutions for multi-objective problems (Ω). 
 An objective function (f(Ω)) capable of measuring the solution quality 
 A function that searches new solutions in a fitting neighborhood, N(Ω). 
Most stochastic algorithms use these three parameters, along with other ones specific 
for each of them, to find a better solution to a specific problem. The algorithm utilized 





Stochastic Algorithm Optimization 
1. Set an initial solution, Ω 
2. Build new solution, Ω’, with N(Ω) 
3. Compare Ω’ with Ω 
4. If Ω’<Ω accept Ω’, else go back to step 2. until stopping parameters are met 
5. Return Ω’ 
Algorithm 1 - Hill-Climbing method 
  
The problem with this particular algorithm is that it will get stuck in local minima. A 
good approach to solve this problem is proposed in the Simulated Annealing algorithm, 
the one chosen to optimize the thermal parameters. 
4.3 Simulated Annealing 
Simulated Annealing, SA, is a stochastic optimization algorithm. It lends its name from 
an actual metallurgy technique called annealing. 
This thermal treatment is designed to eliminate any heterogeneity present in the steel 
that may have been caused by other thermal or mechanical treatments. In the end, the 
steel is supposed to be in thermodynamic equilibrium and, thus, have better mechanical 
properties [48]. 
This is achieved by raising the metal temperature to a set value, which varies depending 
on your type of steel and what you want from the treatment. Then the temperature is 
slowly lowered, which causes steel internal state to become homogeneous and with 
smaller grain. An annealing diagram representing grain shrinkage can be seen in Figure 
18. 
 
Figure 18- Grain shrinkage in Metallurgic Annealing [48] 
 
The SA draws a parallel with the annealing process as it slowly lowers its temperature 
as it advances. As with the metallurgic thermal treatment, the optimization algorithm 
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will have different results for different initial and final temperatures, as well as for 
different cooling schedules. And as the thermal treatment differs depending on the type 
of steel being used on, so does the algorithm for the objective function that is being 
optimized. 
To better understand the algorithm, a few concepts are explained in Table 9. 
 
Table 9 - SA basic concepts 
Concept Description 
Temperature Points to how far the program has already gone. An initial 
and final temperatures need to be set. 
Solution Variable or group of variables to be generated and that are 
the inputs to the objective function. 
Objective 
Function 
Function that dictates the energy output, given a specific 
solution. 




For any given solution at any given temperature, this 
function determines the probability of accepting said 
solution by comparing two consecutive energy values. 
Cooling 
Schedule 
A chosen value determines the rate of the algorithm, given 
any two initial and final temperatures. 
 34 
 
Figure 19- SA algorithm flowchart 
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The flowchart shown in Figure 19 summarizes the SA process. Given the initial 
solution, the algorithm generates a new one, the current solution. It then compares the 
objective function value of both solutions (energy). In the present case, that means 
comparing the error between the measured temperature and the simulated one. It is 
important to note that the measured and simulated temperatures have nothing to do with 
the algorithm temperature parameter, which purpose is explained in Table 9.  
If the new generated solution has a smaller energy than the initial solution, it is accepted 
as the current and optimal solution and the algorithm temperature is lowered, according 
to the cooling schedule. The algorithm will then check if the temperature has gone 
lower than the final temperature. If it is, the current solution is returned. Otherwise, a 
new solution is generated from the current solution, and the process repeats. 
If the case is that the new energy is bigger than the initial energy, the probability 
function will determine the acceptance of the new solution. Regardless of the outcome, 
temperature is also lowered following the cooling schedule, and the process is the same 
as stated above. 
It becomes apparent that a lot of thought has to be put towards choosing the algorithm 
specific parameters. Initial temperature, cooling rate, number of iterations per 




In Table 10, the algorithm parameters can be consulted. Having a good understanding of 
how the algorithm is supposed to work, the parameters can be defined.  
 
Table 10 - Algorithm parameters and values chosen 
Parameter Algorithm tag Value 
Initial temperature Tin 2000 
Cooling Coefficient alfa 0,8 
Final Temperature Tfin 0,17 
Rejected iterations Maxtries 200 
Accepted iterations Maxrigth 20 
Desired Energy ErroParagem 0,1 
 
 
 Initial Temperature: This parameter has to be chosen so that early iterations of 
the algorithm are almost certainly accepted. The probability function, that 




                         




The new solution is accepted if equation (30) is verified. The random number is 
given by rand, a Matlab function that generates random numbers between 0 and 
1. It must be ensured that, for the early stages of the algorithm, the exponential 
is almost always greater or slightly lower than 1. The temperature error (energy) 
comes in percentage, so it ranges from 0 to 100. The worst case scenario is 
where Current Error – New Error = - 100.  
 
 
Graphic 2- Exponential analysis - choosing the starting temperature 
 
From Graphic 2, it is clear that in order to have values of close to 1, the 
exponential power has to be at least -0,05, as to have 95% probability of 
acceptance. Given that the worst case scenario for ∆Error is -100, the initial 
temperature chosen was 2000. 
 
 Cooling Coefficient: This value will influence the rate at which bad solutions 
get increasingly rejected. The higher the value, the longer it will take for bad 
solutions to be dismissed, but also the more thorough the search will be. The 
typical values for this coefficient range from 0,9 to 0,7. The chosen value was 
0,8, but if the script proved to be inefficient or it took too long to run, this value 
could be changed. 
 
 Final Temperature: The final temperature is usually chosen with 3 conditions 
in mind: 
 
o The number of iterations the program is going to do. 
o How the acceptance equation will work near the final temperatures for 
bad new solutions. 
o How it will work for good new solutions. Good solutions still need to be 
accepted, while bad ones have no longer a real chance of it. 
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This last condition is easily ensured by always accepting better solutions. 
The number of iterations is a highly experimental value, so it will be defined 
by the other condition.  
 
 
Graphic 3 - Exponential analysis - choosing the final temperature 
 
The algorithm requires a low probability of a worse than the current solution to 
be accepted by the end of it. Let us consider 0,05% a low enough probability. 
For this value, the exponential power needs to be about -3, as observed in 
Graphic 3. A ∆Error of       was assumed to be acceptable. So the final 
temperature was set to 0,17. The calculation for the number of iterations comes 
as             
                 . The value for iterations is 42,005, so the 
program will do 43 iterations of the loop. 
 
 Rejected and Accepted Iterations: These values ensure that, for each 
temperature, a given number of solutions are generated. These parameters are 
also not very problem dependent, and, as such, typical values of 20 and 200 
iterations for accepted solutions and rejected solutions, respectively, were used. 
 
 Objective Energy: Finally, the objective energy defines at what point the script 
should stop if a good enough solution has been found. A 0,1% error would 
mean an almost perfect simulation, so this value was chosen. 
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Random Vector Generation Function 
 
The SA algorithm works through random generation of new solutions to the same 
problem. It is, however, necessary to ensure that the generated new solution stays 
somewhat in the neighborhood of the previous one, and that its value is within the 
defined range. 
The decision was made that the input vector, composed by the variables k, h, ρ and   , 
would be randomized by disturbing one of its elements by a small fraction. 
A new Matlab script was developed with this specific purpose. Its flowchart can be seen 
in Figure 20. 
 
 
Figure 20- Random vector generation (Nova) function 
 
A while cycle is initiated, to ensure that a new solution vector was indeed created. It is 
easier to randomize a number and then check if it fits the desired range, than to force it 
to be in the range beforehand. But this will lead to some solutions being outside the 
predetermined range. Until a good fit is found, the program will loop and continue to 
generate new vectors. 
A variable is used to choose which of the parameters will be changed. Length(x) returns 
the number of elements in x vector. Randperm(x) performs random permutations of x 
integers. A vector is achieved where all of its components are zero except for one. An 
illustration of the above described can be consulted in Figure 21. 




Figure 21 - Random Vector Generation example - Part 1 
 
This last vector allows the algorithm to only change one of the parameters. Only one of 
the current solution’s variables is slightly changed by using randn, a function that 
creates a normally distributed random number, and by multiplying it by 10% of the 
parameters range as well as by the previously generated vector. In Figure 22 this is 
exemplified. 
 
Figure 22 - Random Vector Generation example - Part 2 
 
If the parameter value achieved is not within its range, a new vector is generated. The 
detailed script can be consulted in APPENDIX D.  
 40 
The SA Algorithm 
 
Table 11- Algorithm variables 
 Tag Name Observations 
Inputs 
SOLini Vector of initial thermal parameters chosen 















Tin Initial algorithm temperature 
Tfin Final algorithm temperature 
alfa Cooling coefficient 
Maxtries Iterations with rejected solutions per T 
Maxright Iterations with accepted solutions per T 
ErroParagem 
Lower energy after which the search for a 
better solution immediately stops 
Thermal 
parameters 
k Thermal conductivity 
h Convection coefficient 
ro Density 
cp Specific Heat 
SA 
variables 
S Current solution vector 
ErroOld Current energy 
T Current temperature 
Snew New solution vector 
Erronew New energy 
a 
Accepting function parameters 
b 
it Maxright  counter 
it2 Maxtries counter 
Data 
variables 
filename Assigns a text variable to a .txt file 
delimiterIn Assigns a variable to the .txt separation type 
treal 
Variable where measured temperatures are 
stored 
yout Temperature output from the PSim simulation 
Outputs 
SAbsolutMin Returns the best solution found 
ErroAbsolutMin 
Returns the error associated with the best 
solution 
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Table 11 gives a list of all the variables used on the algorithm. Their purpose will be 
explained in greater detail in this chapter. 
Five scripts were written, one for each kind of discharge that was to be tested (1C, 2C, 
4C and Pulsed). They are similar, only varying on some variable names, such as the 
saved measured temperatures. For brevity purposes, only the 1C discharge algorithm 
will be analyzed.  
The first lines of the code serve as parametric variable initialization, as is usual. The 
choice for these parameters’ values was already explained in above sub-chapters. In 
Algorithm 2 this much is synthesized. 
 
SA Algorithm (part 1) 
Set Tin, Tfin, alfa, Maxtries, Maxright, ErroParagem 
Import measured temperatures and save them to treal with importdata 
Set S=SOLini 
Globalize k, h, ro, cp 
Run Simcoupler Simluation 
Set ErroOld with function MediaErro 
Set SAbsolutMin, ErroAbsolutMin, T 
Algorithm 2- Initialization of SA algorithm 
 
The last part of the algorithm consists of 2 while cycles. The first one keeps track of the 
accepted and rejected iterations of new solutions. Once one of them reaches its 
maximum value, the temperature is lowered and both variables are reset to 0. This cycle 
repeats until the final temperature or the pre-determined minimum error are reached. 
The other cycle is where the new generated solutions are accepted or rejected. After 
generating a new solution, with the Nova script, the process from the first part of the 
algorithm is repeated, but for this new generated vector. 
Algorithm 3 summarily explains how this process is done. 
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SA Algorithm (part 2) 
while T>Tfin and ErroOld>ErroParagem 
Initialize it, it2 
while it<Maxtries and it2<Maxright 
Generate new solution Snew with Nova 
Run Simcoupler Simluation 
Set ErroNew with MediaErro 
Compare ErroNew with ErroOld 
if ErroNew<ErroOld 
Set ErroOld=ErroNew, S=Snew and it2=it2+1 
Else set a=rand, b=exp((ErroOld-ErroNew)/T) 
If b>a 




Algorithm 3 - Solution Generation and Acceptence 
 
SimCoupler 
To run the algorithm, constant communication between Matlab and Psim was 
necessary. This could be achieved using a Simulink function called SimCoupler.  
 
 
Figure 23- SimCoupler block (left) and PSim input/output SimCoupler nodes (right) 
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When SimCoupler runs, PSim gets four inputs from Matlab (k, h, ro, cp) and sends an 
output back (temperature from node 1). 
Some simulation configurations had to be defined. 
 
 
Figure 24- SimCoupler simulation configuration - Solver tab 
 
First it is necessary to configure the solver tab. As seen in Figure 24, the stop time needs 
to be defined. In case of a 1C discharge, the battery needs one hour, or 3600 seconds, to 
fully discharge. The sample time has to be the same as the sample measured 
temperatures time. Later on, the reason for it being close to 1,7 seconds is explained. 
 
 
Figure 25- SimCoupler simulation configuration - Data Import/Export tab 
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It is also important to take a moment to look at the data import/export tab that can be 
consulted in Figure 25. The variable names to which both the time and the data outputs 
will be saved to in the Matlab workspace need to be defined. Here time output is stored 
in a variable called tout, while the data output is stored in yout. The saving options are 
also vital for the comparison between simulation and real measurements. The limit data 
is useful, because the first data point in the simulation is always zero and introduces an 
error that shouldn’t be there. Knowing the number of data points that are registered on 
the measured file, 2124 points for example, the program can be set to save one less 




After analyzing the thermal parameters that needed to be optimized, as well as its 
typical values and ranges, several optimization algorithms were taken into 
consideration. 
Simulated Annealing was the chosen algorithm, since it fits all the optimization criteria 
presented in the problem being discussed. This algorithm was explained in great detail, 
as well as how it was programmed to run in Matlab and how it would communicate 
with the electrical circuit simulator used, PSim. 
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5 Experimental Results 
 
After having the model fully developed and working as intended, and also having a way 
of optimizing its parameters, the model validation could take place. This validation is 
vital to understand the real potential of this model. 
The first step was to measure the superficial temperature variation in a real battery 
discharge, at various rates. The continuous rates tested were 1C, 2C, 4C and the pulsed 
discharge was tested with a predetermined current profile. For the batteries tested that 
have a 10Ah capacity, a 1C discharge means a 10A load for an hour, a 2C discharge 
means 20A for half an hour, and so on. 
Then an analysis by comparison between real temperatures and the model before 
optimization was made. 
Finally a comparison between the SA optimized model and the real temperatures is 
made. 
 
5.1 Battery Specifications 
To test the model, 10Ah GEB batteries, which can be seen in Figure 26, were used. 
These are called pouch batteries because of their geometry and are very commonly used 
in electric cars battery packs. 
 
Figure 26- Pouch type batteries used for tests 
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Table 12 lists a few of the battery main characteristics. 
 
Table 12- Lithium-ion pouch batteries characteristics 
Battery characteristics 
Capacity 10 Ah 
Nominal Voltage 3,7 V 
Maximum Voltage 4,2 V 
Cutoff Voltage 3,0 V 
Maximum Discharge Current 5C (50 A) 
Discharge Temperature Range -20º C / 60º C 
Auto-Discharge Rate ꜜ 
Life Cycle ꜛ 
Price ꜜ 
5.2 Data Acquisition 
To acquire the necessary data, voltage and temperature, it was necessary to discharge 
the battery cells in a controlled way. To that effect, a BK 8510 Precision Programmable 
DC Electronic load was used. An illustration of the machine can be found in Figure 27. 
It has a 600W power threshold, which is enough for the tests that were made. 
 
 
Figure 27- Programmable load - BK Precision 8510 
 
To control the electronic load, a software called pv8500 was used. With it the discharge 
rate that wanted could be set up and the voltage profile could also be automatically 
registered. An interface of pv8500 can be seen in Figure 28. 





Figure 28- pv8500 software interface 
 
Figure 29 is representative of the pv8500 configuration tab. A few configurations need 
to be set so the discharge test runs as safe and reliably as it is supposed. First, the 
maximum current, voltage and power need to be set. If one of them is set to a lower 
limit than the values needed, the test will fail. It is also very important to set the voltage 
limit to 3,0V. That is the datasheet cutoff limit and if they go lower there is a risk of 




Figure 29 - pv8500 software safety parameters 
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To measure the temperatures during the discharge, a Fluke 65 infrared thermometer, 
displayed on Figure 30, was initially used. 
 
Figure 30- Infrared thermometer - Fluke 65 
 
The idea was to mark 5 points in the battery, as shown in Figure 31, and register all 5 
temperatures every minute. This revealed to be an inefficient way of registering the 
temperature, mostly for three reasons: 
 
 It took 2 people to register the temperatures, because one needed to control the 
time and write down their values, while the other would have to measure the 5 
points in quick succession; 
 
 The thermometer precision is not great, and sometimes battery surface 
temperature would not be measure, but instead some other object near it would; 
 
 By only registering every minute, the resolution was not very good. A per 
second record would be significantly better. 
 
 
Figure 31- Battery temperature acquisition points 
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The solution found was to program an Arduino board, with 6 LM335 temperature 
sensors and make it so that the temperatures were automatically registered with a set 
time interval. The Arduino board and temperature sensors are illustrated in Figure 32. 
 
 
Figure 32- Arduino board and LM335 temperature sensors 
 
Five of the temperature sensors were used to measure the surface battery temperature, 
and were distributed following Figure 31 design, while the sixth sensor served as 
ambient temperature control. The final setup, with the battery cell already connected, 
can be seen on Figure 33. 
 
 
Figure 33- Temperature acquisition setup 
 
To program the board, the Arduino IDE software was used. Although this was enough 
to measure the temperatures, it didn’t register them. For that, an auxiliary program 
called Processing was used. This program can register the serial output from the 
Arduino IDE and save it on an excel file, for example. The detailed program can be 
consulted in APPENDIX F. 
Although the goal was to get a temperature reading every second, the board acquisition 
and processing time was not taken into consideration, and so it ended up getting close to 
1,7 seconds readings. This is not a problem however. The resolution is still good, far 
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better than what can be achieved with the thermometer, and it is only necessary to make 
sure that the measured step time is in sync with the simulation one as stated in 4.3. 
 
5.3 Electrical Simulation Results 
In chapter 3, the SoC modeling was achieved by approximating the Diffusion model to 
the KiBaM model. One of the KiBaM parameters is its “valve”, which defines the rate 
at which the reserve well would transfer its charge to the available well. In terms of 
electrical circuit, it refers to the resistance value between the two capacitors. 
It was discussed how this value varies with the discharge rate and how in case of a 
pulsed discharge it should be variable, while on constant discharge rates, a constant 
value would probably be ok. The comparison between the measured voltage, the 




Graphic 4 - Simulated Voltage Profile - 1C 
 




Graphic 5 - Simulated Voltage Profile - 2C 
 
 




For the Pulsed Discharge, the following Current Profile was used. 
 
 
Graphic 7 - Current profile for the pulsed discharge 
 
And so the pulsed discharge voltage profile comes as follow. 
 
Graphic 8 - Simulated Voltage Profile - Pulsed 
 
It becomes apparent that the variable resistance R_SoC doesn’t work properly, 
especially for bigger discharge currents. The reason behind it can be attributed to how 
the function was approximated. Equation (12) works for currents up until 15 A, as that 
was the test range by which it was approximated. For us to use a variable resistance in 
the SoC calculation new data would have to be gathered and a new equation 
approximated with higher discharge currents estimations. 
Looking at the simulation with the constant resistance it can be observed that most of 
them are quite accurate. The biggest discrepancy present is on the 4C discharge current, 
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and even then it is not relevant enough. More important, the pulsed discharge profile 
has an even smaller error, and it is that profile that has the biggest interest since EVs 
tend to have pulsed discharge current patterns. With that in mind, it was decided that the 
simulations were to be run with the constant resistance in the SoC modeling, since 
obtaining a new equation would require a lot testing time. 
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5.4 Thermal Simulation Results 
Next, the comparative graphics between the simulated temperatures with the typical 
thermal parameters (k=0,66; h=10; ρ=2100;   =795) in a 11 and 3 nodes module and 
the measured temperatures are displayed.  
1C Discharge 
 
Graphic 9 - Temperature simulation comparison of the non-optimized model - 1C 
 
Graphic 9 shows a not so good trend on the eleven nodes simulated curve, where the 
simulated value actually ends at a lower temperature than the measured values. This 
could be worrying, was not for the fact that at this discharge rate, the temperature won’t 
actually reach high enough values to cause concern. The three nodes simulations, 
although being worse in terms of relative error, shows a more realistic trend and is never 
below the measured temperature. 
 
 11 nodes error: 2,83% 
 3 nodes error: 8,75% 





Graphic 10 - Temperature simulation comparison of the non-optimized model - 2C 
 
For the 2C discharge, the eleven nodes simulated temperature curve seems better, as 
observed on Graphic 10. Although the tendency is also not equal to the measured 
temperature, the initial and final temperatures are very close to each other. One 
particularity that could be seen as worrying is the fact that the real temperature seems to 
be accelerating towards higher temperatures near the end of the discharge process, while 
the simulated one seems to tend to a constant value. In reality, the final data point is 
where the battery is fully discharged (SoC=0), so that wouldn’t constitute a problem. 
The three nodes simulation is very distant from the real values, and wouldn’t be an 
option with these thermal parameters. 
 
 11 nodes error: 4,91% 




Graphic 11 - Temperature simulation comparison of the non-optimized model - 4C 
 
The 4C simulation results, which can be seen on Graphic 11, are pretty similar to the 
2C, except for the upward trend of the real temperature that is not present. The eleven 
nodes model is still far better than the three nodes, but it has a higher error than in the 
2C discharge. 
 
 11 nodes error: 6,90% 




Graphic 12 - Temperature simulation comparison of the non-optimized model - Pulsed 




Graphic 12, particularly the eleven nodes simulation results, looks really promising, 
even before optimization. Not only is the error relatively small, but the trend also seems 
very similar with the real measured temperature. The three nodes simulation is not 
usable in this context, as it reaches temperatures far higher than the real ones. 
 
 11 nodes error: 4,94% 
 3 nodes error: 17,17% 
 
5.5 Thermal Simulation Results after SA Optimization 
Finally, after running the SA optimization algorithm with all discharge current profiles, 
for both the eleven and three nodes models, and comparing its results with the 








Optimized parameters value 
Average Error (Before SA) ∆Error 
k h ρ    
11 nodes 0,774 8,31 2464,4 884,76 2,40% (2,83%) 0,43% 
3 nodes 0,609 23,41 2118,9 842,63 4,42% (8,75%) 4,33% 
Table 13 - 1C Discharge optimized parameters and average errors 
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The 1C discharge optimization resulted in an improvement on both models, expressed 
in Table 13, although a lot more significant for the three nodes, for which the average 
error before optimization was higher. However, the curves still fail to follow the 
experimental temperature profile, finishing ate lower temperatures than it was expected. 
2C Discharge 
 




Optimized parameters value 
Average Error (Before SA) ∆Error 
k h ρ    
11 nodes 0,623 11,1 2357,4 842,81 3,28% (4,91%) 1,63% 
3 nodes 0,599 
32,0
4 
2498,8 945,18 5,23% (20,70%) 15,47% 
Table 14- 2C Discharge optimized parameters and average errors 
 
The 2C discharge optimization lead to a close to 75% decrease in the three nodes model 
average error. The curve is, however, far from the measured temperature after at about 
half of the simulation. The optimization for the eleven nodes model resulted in a 
satisfactory curve associated with a low average error. 
 









Optimized parameters value 
Average Error (Before SA) ∆Error 
k h ρ    
11 nodes 0,547 13,99 2449,0 880,48 3,08% (6,90%) 3,82% 
3 nodes 0,409 23,10 2493,7 794,74 3,12% (22,78%) 19,66% 
Table 15- 4C Discharge optimized parameters and average errors 
 
The 4C discharge optimization gave very good results for both models. In Table 15 we 
can observe that the errors are fairly low and the curves seem to progress very similarly 








Optimized parameters value Average Error (Before 
SA) 
∆Error 
k h ρ    
11 nodes 0,683 9,97 2337,9 829,33 3,82% (4,94%) 1,12% 
3 nodes 0,755 39,21 2499 946,54 3,06% (17,70%) 14,64% 
Table 16- Pulsed Discharge optimized parameters and average errors 
 
The eleven nodes model kept its tendency to follow the measured temperatures, even 
after the optimization, and the average error was reduced by some margin as observed 
in Graphic 16. The three nodes simulation improved a lot, even though its last data point 
looks very far from the measured one. 
5.6 Conclusions 
A brief summary of all the apparatuses used to run the experimental tests is given, as 
well as a description of their characteristics and how to use them. 
The electrical simulation voltage values are then compared to the real voltage 
measurements, for both the constant and variable resistance models. It becomes clear 
that the variable approximation does not exhibit good enough results, so the constant 
resistance is used. 
Thermal simulation temperature of both the three and eleven nodes models is compared 
to the measured battery temperatures before parameter optimization. The eleven nodes 
Electro thermal modeling of lithium-ion batteries 
 
61 
model presents good results in terms of average error, while the three nodes model 
shows slightly worse results. 
Simulated temperature is compared with measured surface temperature once again, after 
optimized parameters are obtained. Improvement is mostly present in the three nodes 
model, although the average error is lowered in both. Some of the constant discharge 
simulated curves end up having lower temperature values than the measured 
temperature which should not happened. However, the eleven nodes pulsed discharge 




Electro thermal modeling of lithium-ion batteries 
 
63 
6 Conclusions and Future Work 
6.1 Conclusions 
This project intended to further develop a model capable of accurately describe the 
battery temperature evolution. If a good enough estimation was achieved, developing an 
application capable of real-time battery temperature management would become a 
feasible task. 
To simulate the electrical and thermal battery cell behavior, an electrical equivalent 
circuit is implemented on PSim. The electrical model is successfully developed from the 
Diffusion model, as well as the KiBaM, and its parameters are proven to have been 
optimized in other similar projects. The thermal model is also successfully 
implemented, being the general thermal conduction equation its starting point. 
An optimization algorithm is built as to optimize four thermal parameters which cannot 
be measured. The algorithm proves to be a reliable optimization tool, although some 
improvements are possible, namely to avoid having a simulated temperature lower than 
the real battery temperature.  
The experimental results show great promise, as both the eleven and three nodes models 
were optimized to less than 6% average error in the worst scenario. This translates to a 
maximum of 75% error drop. 
It is worth mentioning that more iterations of the algorithm could lead to better 
optimization and average error results, but due to time constrains, this was not possible 
in the present work.  
 
6.2 Future work 
As always, some improvements could be made in order to optimize the model. 
Although the SA showed great results, developing another stochastic or an evolutionary 
algorithm could lead to the same or better results in less computational time. 
The SA algorithm itself could be subject to some adjustments, so that the simulated 
curve was forced to always be at a higher temperature than the measured one and thus 
avoid a battery overheating. 
In terms of experimental tests, one with three or four battery cells, all connected in 
parallel, as well as one with a full EV battery pack should be made. The model would 
also have to be adjusted accordingly. 
Finally, the implementation of the model on a circuit board should be the final step into 
real time application. 
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APPENDIX A: Battery Datasheet 
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APPENDIX B: LM335 Temperature Sensor Datasheet 
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APPENDIX C:  Temperature Acquisition Electric Schematics 
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APPENDIX D: Matlab Scripts 
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To randomly generate new solutions, another sub-function is used, called Nova: 
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APPENDIX E: PSim Schematics 
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The equivalent circuit PSim model, in particular the three nodes one, can be seen below: 
 





APPENDIX F: Arduino IDE and Processing code 
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The Arduino program used to register the battery surface temperature with the LM335 sensors 
can be seen below. Pin0 is the dedicated ambient temperature sensor. Pin1 to Pin5 are used to 
acquire the battery surface temperature. 
 
int sensorPin0 = A0; 
float sensorValue0 = 0; 
int sensorPin1 = A1; 
float sensorValue1 = 0; 
int sensorPin2 = A2; 
float sensorValue2 = 0; 
int sensorPin3 = A3; 
float sensorValue3 = 0; 
int sensorPin4 = A4; 
float sensorValue4 = 0; 
int sensorPin5 = A5; 
float sensorValue5 = 0; 
int offset=8; 
int but = 1; 
int a = 0; 
 
void setup() { 
  // put your setup code here, to run once: 
  pinMode(8,INPUT); 
  digitalWrite(8,HIGH); 
  Serial.begin(9600); 
} 
 
void loop() { 
  // put your main code here, to run repeatedly: 
 
  sensorValue0 =0; 
  sensorValue1 =0; 
  sensorValue2 =0; 
  sensorValue3 =0; 
  sensorValue4 =0; 
  sensorValue5 =0; 
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  if (digitalRead(8)==LOW && a == 0){ 
    but = 0; 
    a = 1; 
  } else if (digitalRead(8)==LOW && a == 1) { 
     but = 1; 
     a = 0; 
  } 
 
   if (but == 0) {  
    for(int i=0;i<1000;i++){ 
 
      sensorValue0 += analogRead(sensorPin0); 
      sensorValue1 += analogRead(sensorPin1); 
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void setup() { 
  size(500,500); 
  mySerial = new Serial( this, "COM3", 9600 ); 
   output = createWriter( "temperaturas.csv" ); 
} 
void draw() { 
    if (mySerial.available() > 0 ) { 
         String value = mySerial.readString(); 
         if ( value != null ) { 
              print(value); 
              output.print( value ); 
         } 
    } 
} 
 
void keyPressed() { 
    output.flush();  // Writes the remaining data to the file 
    output.close();  // Finishes the file 
    exit();  // Stops the program 
} 
